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Abstract—Complex disorders exhibit great heterogeneity in
both clinical manifestation and genetic etiology. This hetero-
geneity substantially limits the identification of geneotype-
phenotype associations. Differentiating homogeneous subtypes
of a complex phenotype will enable the detection of genetic
variants contributing to the effect of subtypes that cannot
be detected by the non-differentiated phenotype. However,
the most sophisticated subtyping methods available so far
perform unsupervised cluster analysis or latent class analy-
sis on only phenotypic features. Without guidance from the
genetic dimension, the resultant subtypes can be suboptimal
and genetic associations may fail. We propose a multi-view
biclustering approach that integrates phenotypic features and
genetic markers to detect confirming evidence in the two views
for a disease subtype. This approach groups subjects in clusters
that are consistent between the phenotypic and genetic views,
and simultaneously identifies the phenotypic features that are
used to define a subtype and the genotypes that are associated
with the subtype. Our simulation study validates this approach,
and our extensive comparison with several biclustering and
multi-view data analytics on real-life disease data demonstrates
the superior performance of the proposed approach.
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I. INTRODUCTION

Identifying genetic variations that underlie complex phe-
notypes is important in genetics and systems biology. For
complex phenotypes, such as substance dependence (SD), a
variety of traits that collectively indicate or characterize the
phenotype are often associated with substantial phenotypic
variation [1]. Genotype-phenotype association analysis of
such a complex phenotype is impeded by this phenotypic
heterogeneity [2]. Case-control studies based on a binary
trait, such as the diagnosis of a disease, that partitions the
population into cases (subjects with the disease) and controls
(subjects without the disease), does not differentiate the
heterogeneous manifestation of the disease. On the other
hand, many candidate genes or genomic regions have been
identified to be associated with complex diseases [3]. It has
remained unclear about the characteristics or subtypes of
the disease for which the association exists. For instance,
130 genes involved in several biological systems have been
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shown related to addictions, but it remains to be elucidated
which addiction behavior is associated with a specific ge-
netic variant [4].

Differentiating homogeneous subtypes of a disease pheno-
type has shown promising results to identify genetic variants
contributing to the effect of subtypes [5]. However, these
studies perform unsupervised cluster analysis or latent class
analysis [6] on phenotypic features only. Genotype data has
only been used after-the-fact to evaluate subtypes, such as in
subsequent association tests with the derived subtypes, rather
than to guide the creation of subtypes. Consequently, the
resultant subtypes can be of little utility in genetic analysis,
and genetic association analysis may fail. Integration of data
from the clinical and genomic dimensions offers benefits
such as new opportunities to find confirming evidence of a
subtype from its genetic basis and clinical manifestations.
Clinical subtyping methods have not jointly used clinical
and genomic data to define subtypes.

There has been little research on this topic in the statistic
literature. The most related area involves multi-view data
analysis [7], [8], where samples are characterized or viewed
in multiple ways, thus creating multiple sets of input vari-
ables. Multi-view clustering [7] seeks groupings that are
consistent across different views, but they use all phenotypic
features and genetic markers to define clusters/subtypes and
cannot be used to identify subtype-specific variants. Our
subtyping problem, although similar to multi-view cluster-
ing, seeks classification of subjects that is consistent in
the clinical and genetic views, but modeling in both views
requires subspace search so that the resulting subtypes rely
on only subsets of variables, thus leading to genetically
and clinically homogeneous subtypes. For a single view,
biclustering methods classify samples and simultaneously
identify features determining the sample classification [9],
[10], and subspace clustering methods search subspace and
group samples differently in each subspace [11]. However,
there has been no such an algorithm to date that finds
consensus sample grouping across multiple views based on
subsets of variables from each view.

In this paper, we propose a multi-view biclustering



approach based on sparse singular value decomposition
(SSVD) technique [10]. The objective of this problem is to
identify subject clusters that are consistent in both the clin-
ical and genetic views, and simultaneously identify features
and markers that determine the clusters. Employing sparse
SVD in our approach is critical to its success, especially
to successfully detect associative variants given the number
of true associative variants are much fewer than the single
nucleotide polymorphisms (SNPs) in the whole genome. The
proposed approach has been validated on both synthetic
datasets that are simulated so that few genetic markers
are associations with specific subtypes and a real world
clinical dataset that is aggregated from multiple genetic
studies of cocaine dependence. We compared our approach
to the biclustering approach in [10] and multiple existing
multi-view data analytics methods. The results clearly show
the superior performance of our approach over all other
compared methods. This paper is organized as follows. We
introduce the proposed multi-view biclustering method in
Section II, followed by the computational results in Section
III. We conclude in Section IV.

II. METHOD

We start with a presentation of the notations that are used
throughout the paper. A vector is denoted by a bold lower
case letter as in v and ||v||, represents its ¢,-norm that
is defined by ||[v][, = (Jv)[P + - + |[v(g)|P)'/?, where
V() is a component of v and d is the length of v, i.e., the
total number of components in v. We use ||v||o to represent
the so-called 0-norm of v that equals the number of non-
zero components in v. Denote u ® v as a vector whose
components are the multiplications of respective components
in u and v. The set B; contains all binary vectors of length
d. A binary vector means a vector with components equal
either O or 1. A matrix is denoted by a bold upper case letter,
e.g., M,,x4 is a n-by-d matrix, and | M]|| g is its Frobenius
norm defined by (tr(M?M))'/? where tr(-) is the trace of
a matrix. Rows and columns in M are noted by M; . and
M. ;) respectively.

Given a matrix MM, a subgroup of its rows and a subgroup
of its columns can be simultaneously achieved by sparse
singular decomposing M [10], that is approximating M with
a sparse rank one matrix M . The resulted row and column
subgroups help to define each other. Let u and v be the
two vectors resulted from the SSVD , i.e., M = uv’,
rows in M corresponding to non-zero components in u
form the row subgroup and columns in M corresponding
to non-zero components in v form the column subgroup.
For two data matrices M, of size n-by-d; and Mj of size
n-by-ds that characterize the same set of subjects from two
different views, we can obtain uj, vy for My, and us, vo
for My by sparse singular value decomposition of M; and
M, separately. However, it will not guarantee the two row
clusters specified, respectively, by u; and us be consistent.
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To make them consistent, it requires u; and u, to have non-
zero components at the same positions. Notice that u; and
uy are not necessarily the same given they may be derived
from very different features from two views, such as real-
valued features in the clinical view and SNP genotypes in the
genetic view. We propose to use a binary vector z that serves
as a common factor to link the two views and represent each
u by z ® u in the objective function. When z;) = 0, the
i-th components of both u; and us are 0, and consequently,
the i-th subject will be excluded from the subgroup in both
views. We hence require the sparsity of z instead of u; and
u, in the optimization problem as follows.
2

D> IM; = o4z © w) vy |I7
1=1

+ Azllzllo + vy [[Villo + Av, [[vallo (D
[wlla =1, [[vill2 =1, i = 1,2
z € B,

min
Z,0;,U;,V;,i=1,2

subject to

where A, A\,, and )\,, are hyper-parameters to balance the
errors and sparsity penalty.

As an alternative, a restricted version of Eq(1) is to require
u; = uy = u and solve the following optimization problem:

min (IM; —aluvlTH%—i— | M5 —Ugung%
u,0;,v;,i1=1,2
+ Aullorullo + Av, [lo1villo + Av, [[o2v2llo

subject to  ||ull2 = 1, |[vi|l2 = 1, ||va]2 = 1.

This problem is easier to solve without integer variables
as in z. It can be similarly solved using the approach
proposed in [10]. However, it is an unnecessary constraint
to require u; = uy, which rules out a number of potential
solutions that may include the optimal row clusters. Another
alternative is to minimize the difference between u; and us,
which suffers from the same problem as the exact values of
the difference are not concerned. Our problem concerns with
the indicator of whether a component is zero.

We hence focus on developing effective alternating opti-
mization algorithms to solve Problem (1).
(1) Find optimal u;, v{, us, vo with fixed z

When z is fixed, optimal uj, v; and optimal us, v that
minimize (1) can be computed separately and in the same
fashion. Thus, we only discuss how to compute u; and v,
for a given z. This sub-problem can be written as follows:

min My = 01(z @ u)v{ |E + Ay, lorvillo
J1,u1,vi
subject to  |luy|l2 =1, ||vifl2 =1

which can be solved by alternating in solving the following
two sub-problems.
(a) Solve for vi when u; is fixed

We solve the following equivalent problem for the optimal
v1 and then set o1 = ||V1]|2 and vi = V1 /07.

min - [M; — (2 © ui)v 17+ Ao 9110
1



Unfortunately, it has shown that this problem is NP-Hard
[12]. There are several approximation methods [13]. We use
a simple approximation, i.e., || - ||; that is also in favor of
sparsity [14]. With this approximation, we can obtain v;
by minimizing [|[M; — (z ® u;)¥] ||% 4+ Ay, ||¥1]}1. Each
component vy ;) in vy can be analytically computed by
soft-thresholding as shown in Eq.(3) [10] where o = (z ®
ul)TM17(47,L') and 6 = )\01/2-

a—08, a>p
Vi) = 0, la|<pB . (3)
a+ B, a< -8

(b) Solve for ui when v is fixed

We now optimize (2) with respect to o; and u;. By
setting o1 = ||Qy|]2 and u; = 0y /03, solving Problem (2)
is equivalent to computing u; by

IM; — (z© w)vy |17, 4)

Each component u; ;) in u; can be independently and
analytically computed as follows:

min
a

My ;..
M7 if z(;) # 0

0,

2(4)
if Z(i) =0.
(2) Find optimal z with fixed u;, v, us, vo

When we solve Problem (1) with respect to z only, it is
equivalent to solving the following problem

min [|[M; —(z® u1)V1T||%w+
M3 — (62/61)(2 ® uz)vy |7 + A:|1]lo

where &; is the value of o; from previous iteration. After
obtaining z, z can be calculated as:

if 7; # 0
z(i) =

if z, = 0.
In order to keep the objective unchanged, we update uy
and uy accordingly as follows:

L,
0,

u; (i/z;, if z; #0
;) = A
0, ifz;, =0
and o1, o9 are recalculated as: o7 = |uyfl2, o2 =

(62/61)||luzl|2, then we normalize u; and us as in u; =
uy/||ull2, u2 = ua/|juzl|2. Again, here we use £1-norm of
z to approximate its 0-norm and we obtain z by solving the
following problem.

min [M; - (z© w)vi |17
+ |IMy — (61/62)(z® U2)Vg|ﬁ: + Azl

Overall, we alternate between solving above sub-problems
until a local minimizer is reached. The overall objective is
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monotonically non-increasing when minimizing each sub-
problem, the convergence of this iterative process is guar-
anteed. In our experiment both on synthetic and real world
data, this process reached a convergent point in about 10
iterations. Algorithm 1 summarizes all related steps. To de-
rive another row subgroup, we repeat algorithm 1 using new
matrices M; and M5 that exclude the rows corresponding
to the subjects in the identified subgroup. By repeating this
procedure, the desired number of population subgroups can
be achieved.

Algorithm 1  Joint Multi-view Biclustering
Input: My, Ma, A;, Ayys Ao,y
Output: z, 01, 02, Uy, vy, Uz, Vo
1. Initialize z with all ones.
2. Compute o1, u; and vy by solving (2).
3. Set 0 to components of z at the positions where
corresponding components in u; are 0.
4. Compute o, us and v, in the same way as how oy,
u; and v; are calculated in (2).
5. Compute z by solving (5) and update o;, u;, ¢ = 1,2
accordingly.
Repeat 2, 4, 5 until u; reaches a fixed point.

III. COMPUTATIONAL RESULTS

We first validated the proposed method using synthetic
data that was simulated with known association structures.
Then we evaluated our approach on a real world disease
dataset aggregated from multiple genetic studies of cocaine
dependence (CD) disorder. Normalized mutual information
(NMI) was used to measure the consistency between two
cluster solutions. Since the true clusters are known in syn-
thetic data, we computed NMI to measure the consistency
between the true clusters and the clusters resulted from
clustering methods. A higher NMI value indicates better
performance. In addition to NMI, classifiers were built based
on genetic markers to separate subjects in different clusters.
We used the Area Under the receiver operating characteristic
Curve (AUC) in a 10-fold cross validation setting to measure
the genetic separability or homogeneity of the resultant
clusters. We used a regularized logistic regression as the
classification model throughout these experiments.

Extensive comparison of the proposed approach against
biclustering and multi-view analytics was conducted. We
calculated NMI for different methods on synthetic data and
AUC on both synthetic and real world data. The existing
methods that were used in our comparison study are given
in the following list.

« Biclustering via SSVD: Clusters were included in the
comparison by running the method of SSVD-based
biclustering in the clinical view as the biclustering
method does not handle multiple views. Applying this



method to genetic data created completely different
clusters from those obtained in the clinical view.

o Co-regularized spectral: This method was proposed
in [7] for finding consistent row clusters among multi-
ple views by applying spectral clustering alternatively
on each view together with a co-regularization factor
applied to the cluster indicator vector.

o Kernel addition: RBF kernels were calculated for each
view and combined by adding them up together. Then
spectral clustering was applied to the combined kernel
to obtain row clusters.

o Kernel product: This is the same procedure in the ker-
nel addition described above except that kernel matrices
were combined by multiplying their components in the
same position.

o Feature concatenation: Data from the two views were
simply put together by feature concatenation and a
kernel matrix was computed based on the combined
dataset with spectral clustering to obtain row clusters.

A. Synthetic data

Two disease subtypes, i.e., subtype 1 and subtype 2
were simulated and they had different sets of associative
genetic factors that corresponded to different sets of pheno-
typic/clinical features. We started from simulating genotypic
subtypes (population subgroups based on genetic mark-
ers), which were subsequently used to generate phenotypic
subtypes along with random noise introduced to reflect
environmental effects.

Genetic data was obtained from 1000 Genome Project
[15], and 1092 subjects were genotyped with several millions
of genetic markers in this project. We randomly selected
1000 markers from chromosome 5 that had minor allele
frequency (MAF) at least 5% as genetic inputs in the
experiment. For each subtype, 10 markers were randomly
chosen to be associated with each subtype. In order to assign
subjects to subtypes, we assumed that the minor allele on
each loci was the risk variant. We assigned subjects to a
subtype if they had over 8 risk variants of the particular
subtype. Subjects who did not belong to any of the subtypes
were treated as controls. We removed those subjects who
belonged to both of the two subtypes in order to create lucid
comparison results. In total, 1013 subjects were retained for
subsequent analysis. Of them, 247 and 167 subjects were
assigned to subtype 1 and subtype 2 respectively; and 599
were controls. We named the above population partition the
genotypic subgroups.

For the creation of population subgroups in the phenotypic
view, we introduced random noise to reflect the environmen-
tal effects on phenotypic features. We used a parameter e to
indicate the relative effect that genetic variation contributed
to the effect of the phenotype. Denote 7 the number of risk
variants of subtype j that subject ¢ had, so 0 < r] < 10.
If v/ xe+ N(0,1) > 7.5 % e, we assigned subject i to
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Table I
NMI COMPARISONS BETWEEN DIFFERENT APPROACHES WITH
DIFFERENT EFFECTS e

e=10 e=08 e=06 e=04
Biclustering via SSVD  0.0821 0.1798 0.2432  0.2286
Co-regularized Spectral 0.2306 0.2477 0.2338  0.2549
Kernel addition 0.2587 0.2295 0.2350 0.2566
Kernel product 0.1917 0.2432 0.2302 0.2310
Feature concatenation 0.1569 0.1576 0.1532 0.1211
Proposed method 0.7949 0.7693 0.6815 0.6329

subtype j. In contrast to genotypic subgroups, we named this
population partition the phenotypic subgroups. Similarly, we
removed subjects that overlapped in the two phenotypic
subgroups. Less than 15 subjects were excluded in any
simulated dataset in the experiment. In addition to the two
phenotypic subgroups that had their counterparts in the
genotypic view, two additional phenotypic subgroups were
created to make the simulated data a mimic of real situations.
The size of the two additional subtypes were both 200 and
subjects were randomly selected and assigned to them.

After phenotypic subgroups were created, we simulated
10 binary phenotypic features. A subject was assigned a
value of 0 or 1 for any of the features according to a
probability. Subtype I and subtype 2 each was associated
with three features, respectively. Subjects in each simulated
phenotypic subgroup obtained the value of 1 with proba-
bilities of 0.6, 0.5, 0.4 respectively on the three designated
features. For the two additional phenotypic subgroups, each
was associated with two features, and subjects in each of
the two subtypes obtained the value of 1 on the respective
two features with probabilities of 0.6 and 0.5 respectively.
A subject obtained the value of 1 with a probability of 0.1
on any other features.

In order to evaluate how the proposed method performs
when the genetic effect on phenotypic variation varies, four
phenotypic datasets were generated with e = 1,0.8,0.6,0.4
respectively and analysed. Note that the genetic effect on
phenotypic variation decreases with decreasing e. Decreased
effects lead to higher level of disagreement between geno-
typic and phenotypic subgroups.

All the compared methods were used to obtain three
population subgroups. Table I provides the NMI calculated
by comparing population subgroups obtained from each
compared approach to true phenotypic subgroups on each
dataset. The proposed method has the greatest NMI on all of
the four datasets. Along with the decreasing e, NMI obtained
by the proposed method decreases gradually as expected, but
the population subgroups consistent between the two views
can still be uncovered.

For each cluster solution, two classification models were
built for separating subjects, respectively, in each of the
two subgroups from controls. The population subgroup from
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Figure 1. The box plot of AUC values obtained by the proposed method

and other comparison approaches. Al - proposed method, A2 - biclustering
via SSVD, A3 - co-regularized spectral, A4 - kernel addition, A5 - kernel
product, A6 - feature concatenation

each method containing the largest number of controls was
recognized as the control group. The average AUC values
and their interquantiles obtained from all the compared
approaches on each dataset are plotted in the box plot
Figure 1. The proposed method achieved the second best
performance on this measurement whereas the feature con-
catenation method performed the best. Our further experi-
mental examinations showed that the genetic view had much
more features/markers than the phenotypic view, and when
concatenating the data of two views to perform cluster anal-
ysis, the genotypic view outweighed the phenotypic view.
Thus the resulted clusters were genetically separable but
not phenotypically separable. However, our approach created
subtypes (population subgroups) that were both genetically
and phenotypically separable (or homogeneous) as shown in
NMI comparisons in Table 1.

A significant advantage of the proposed method is that
features that specify the population subgroups can be si-
multaneously identified during population partition. We cal-
culated the number of features that were correctly and
incorrectly identified by the proposed method to measure
its performance in this aspect. The results are summarized
in Table II, from which we can see that our approach could
correctly identify all true associated features in both views
with a very low false discovery rate when taking into account
the total number of features used in the analysis.

B. Cocaine use and related behaviors

A total number of 1474 subjects were both phentyped
and genotyped for genetic studies of CD. Subjects were
recruited from multiple sites, including Yale University
School of Medicine, University of Connecticut Health Cen-
ter, University of Pennsylvania School of Medicine, McLean
Hospital and Medical University of South Carolina. All
subjects gave written, informed consent to participate, using
procedures approved by the institutional review board at
each participating site. Subjects were phenotyped using a
survey dedicated to the diagnosis CD in a computer-assisted

320

Table II
THE NUMBER OF FEATURES IDENTIFIED BY THE PROPOSED METHOD TO
LINK TO THE TWO POPULATION SUBGROUPS

Phenotypic view Genotypic view
TF TPF FPF TF TPF FPF

e=1 3 1 10 4
e =08 3 1 0 s
subype I _ g 3 3 2 0 s
e =04 3 0 10 10
e=1 3 0 10 4
e=08 3 0 10 4
subype 2. _ g 33 o 9 10 2
e=0.4 3 0 0 s

TF is the number of True Features that specify a population subgroup.
TPF (True Positive Features) and FPF (False Positive Features) are the
numbers of features that correctly and incorrectly identified, respectively.

s AT: Proposed method
0.7t ! A2: Biclustering via SSVD {
El A3: Co-regularized Spectral
065 i - A4: Kernel addition
’ B | AS5: Kernel product
0.6 : 3 ]
= T 3
< 0.55; 1 L 4
0.5+ i E
0.45- - s 1
0.4: \
Figure 2.  The box plot of AUC values obtained from all comparison

methods on the dataset of cocaine use and related behaviors.

interview process, called the Semi-Structured Assessment
for Drug Dependence and Alcoholism (SSADDA) [16].
Sixty-four yes-or-no variables were generated by this survey,
which were also used in previous studies [1], [17]. These
variables were used as the phenotypic features. Of the 1474
subjects, 1287 were diagnosed with CD. Subjects were
genotyped with 1350 SNPs from 130 candidate genes [4].
Of them, 1248 SNPs with minor allele frequency (MAF) no
less than 1% were used as genetic markers.

The feature concatenation method overlooked the in-
formation in the phenotypic view because the number of
features in the genetic view dominated, so clusters were
created mainly based on genetic information. We hence
excluded it from the further comparison. Three population
subgroups were obtained from each of the other comparison
methods. Classification models were built and tested in the
similar way as in the synthetic data. Figure 2 shows the box
plot of the AUC values. Our approach outperformed all other
methods.

IV. CONCLUSION

It is a challenging problem to uncover the genetic causes
of complex disorders, such as substance dependence (SD)



disorders, due to the heterogeneity in their clinical mani-
festation, genetic causes, and environmental - genetic inter-
actions. Phenotype refinement that leads to homogeneous
subtypes has been shown as a promising approach for
solving this problem [5], [1], [18], [19], [17]. However,
most of the phenotype refinement approaches only take into
consideration the phenotypic information even though geno-
typic information is usually available in genetic studies of a
complex disorder. Thus, their success of finding a phenotypic
subtype that is also genetically homogeneous is limited.
In this paper, we have proposed a multi-view biclustering
approach to perform phenotype refinement by jointly taking
into account the genetic and phenotypic information. The
proposed method is distinct from existing multi-view ap-
proaches in that the relevant features can be identified in the
determination of a subtype, which is critical to its success.
The proposed method is distinct from existing biclustering
methods in that it harmonizes the subject groupings in two
or more views. The results from extensive experimental
comparisons on both synthetic data and real world datasets
justify the effectiveness and superior performance of the
proposed approach.

ACKNOWLEDGMENT

This work was supported by NIH grants DA12849,
DA12690, and the NSF grant IIS-1320586.

REFERENCES

[1] H. R. Kranzler, M. Wilcox, R. D. Weiss, K. Brady, V. Hes-
selbrock, B. Rounsaville, L. Farrer, and J. Gelernter, “The
validity of cocaine dependence subtypes,” Addict Behav,
vol. 33, no. 1, pp. 41-53, 2008.

[2] T. F. Babor and R. Caetano, “Subtypes of substance depen-

dence and abuse: implications for diagnostic classification and

empirical research,” Addiction (Abingdon, England), vol. 101,

pp. 104-10, 2006.

[3] M. I. McCarthy, G. R. Abecasis, L. R. Cardon, D. B.

Goldstein, J. Little, J. P. A. Ioannidis, and J. N. Hirschhorn,

“Genome-wide association studies for complex traits: consen-

sus, uncertainty and challenges,” Nature Reviews Genetics,

vol. 9, no. 5, pp. 356-369, 2008.

[4] C. A. Hodgkinson, Q. Yuan, K. Xu, and et al., “Addictions

biology: haplotype-based analysis for 130 candidate genes on

a single array,” Alcohol Alcohol, vol. 43, no. 5, pp. 505-15,

2008.

[5] J. Gelernter, C. Panhuysen, M. Wilcox, and et al,

“Genomewide linkage scan for opioid dependence and related

traits,” Am J Hum Genet, vol. 78, no. 5, pp. 759-69, 2006.

[6] B. Schwartz, S. Wetzler, A. Swanson, and S. C. Sung,

“Subtyping of substance use disorders in a high-risk welfare-

to-work sample: a latent class analysis,” Journal of Substance

Abuse Treatment, vol. 38, no. 4, pp. 366-374, 2010.

321

[71 A. Kumar, P. Rai, and H. D. III, “Co-regularized multi-
view spectral clustering,” in Advances in Neural Information
Processing Systems 24, J. Shawe-Taylor, R. Zemel, P. Bartlett,
F. Pereira, and K. Weinberger, Eds., 2011, pp. 1413-1421.

[8] K. Chaudhuri, S. M. Kakade, K. Livescu, and K. Sridharan,

“Multi-view clustering via canonical correlation analysis,” in

Proceedings of the 26th Annual International Conference on

Machine Learning, ser. ICML ’09. New York, NY, USA:

ACM, 2009, pp. 129-136.

[9] I. Van Mechelen, H.-H. Bock, and P. De Boeck, “Two-

mode clustering methods: a structured overview,” Statistical

Methods in Medical Research, vol. 13, no. 5, pp. 363-394,

2004.

[10] M. Lee, H. Shen, J. Z. Huang, and J. S. Marron, “Biclustering

via sparse singular value decomposition,” Biometrics, vol. 66,

no. 4, pp. 1087-95, 2010.

[11] Y. Guan, J. Dy, and M. L. Jordan, “A unified probabilistic

model for global and local unsupervised feature selection,”

in Proceedings of the International Conference on Machine

Learning, 2011, pp. 1073-1080.

[12] E. Amaldi and V. Kann, “On the approximability of min-

imizing nonzero variables or unsatisfied relations in linear

systems,” Theoretical Computer Science, vol. 209, no. 12,

pp- 237 — 260, 1998.

[13] J. Weston, A. Elisseeff, B. Schlkopf, and P. Kaelbling, “Use

of the zero-norm with linear models and kernel methods,”

Journal of Machine Learning Research, vol. 3, pp. 1439-

1461, 2003.

[14] R. Tibshirani, “Regression shrinkage and selection via the

lasso,” Journal of the Royal Statistical Society, Series B,

vol. 58, pp. 267-288, 1994.

[15] G. R. Abecasis, A. Auton, L. D. Brooks, and et al., “An inte-

grated map of genetic variation from 1,092 human genomes,”

Nature, vol. 491, no. 7422, pp. 5665, 2012.

[16] A. Pierucci-Lagha, J. Gelernter, G. Chan, A. Arias, J. F.

Cubells, L. Farrer, and H. R. Kranzler, “Reliability of dsm-

iv diagnostic criteria using the semi-structured assessment

for drug dependence and alcoholism (ssadda),” Drug Alcohol

Depend, vol. 91, no. 1, pp. 85-90, 2007.

[17] J. Sun, J. Bi, and H. Kranzler, “A multi-objective program

for quantitative subtyping of clinically relevant phenotypes,”

BIBM, 2012.

G. Chan, J. Gelernter, D. Oslin, L. Farrer, and H. R. Kranzler,
“Empirically derived subtypes of opioid use and related
behaviors,” Addiction, vol. 106, no. 6, pp. 1146-1154, 2011.

(18]

[19] J. Sun, J. Bi, G. Chan, D. Oslin, L. Farrer, J. Gelernter, and
H. Kranzler, “Improved methods to identify stable, highly her-
itable subtypes of opioid use and related behaviors,” Addictive

Behaviors, 2012.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


